Abstract. We reviewed global P export and its controlling factors from 685 world rivers. We used available continuous (runoff, rainfall, catchment area, % land use, and population density) and discrete (runoff type, soil type, biome, dominant land use, dominant type of forest, occurrence of stagnant water bodies in catchment, and Gross Product per Capita [GPC]) variables to predict export of P fractions. P export (kg P km 22 y 21 ) spanned 6 orders of magnitude worldwide. The distribution of all fractions of P export (total P [TP], soluble reactive P [SRP], and nonSRP [dissolved organic and particle-bound P]) was right skewed. Export of nonSRP had the highest coefficient of variability, and nonSRP was the dominant part of export. The available environmental variables predicted global P export fairly well (R 2 = 0.73) if total N export was included in calculations. The unexplained variance in P export might be attributed to noise in the data set, inaccuracy of measurements of environmental variables at fine scales, lack of quantitative data on anthropogenic P sources, insufficient knowledge of P behavior in catchment soils, and nonlinearity of controlling processes. P exports were highly variable among catchment types, and runoff and population density were the predictors shared by most models. P export appeared to be controlled by different sets of environmental variables in different types of catchments. Quasi-empirical, mechanistic models of P export performed better than did empirical models. Our mechanistic understanding of P export could be improved by refining current analytical methods to obtain fast and reliable values of all P fractions in aquatic ecosystems and by incorporating better and more detailed data on catchment features, anthropogenic sources of P, and instream variables in a mechanistic modelling framework.
Many studies on freshwater P dynamics have been published since the seminal paper by Vollenweider (1968) , and these studies have contributed much to our knowledge of problems related to eutrophication problems of aquatic ecosystems (Schindler 2006) . The overall picture of control of eutrophication by P supply is more complex than previously thought Wurtsbaugh 2008, Schindler et al. 2008 ).
The biological relevance of P in aquatic ecosystems is relatively well understood, but fewer studies have described patterns and processes of P export from terrestrial to marine ecosystems at the global scale (Meybeck 1982 , Howarth et al. 1995 , Smith et al. 2003 . The landsea connection via rivers is an important component in global P biogeochemistry. A quantitative picture of components of exports and environmental characteristics that mediate these exports is essential to our understanding of global P transport. Consideration that human activities affect these exports is especially relevant because P transport via rivers has increased since prehistoric times, mainly as a result of human activities (Schlesinger 2001 , MacKenzie et al. 2002 .
Model-based predictions of P export from catchments using easily measured, environmental variables have been moderately successful on a regional scale (Behrendt and Opitz 2000, Smith et al. 1997) . However, models based on global-scale analyses do not appear to be very strong (Smith et al. 2005) . This difference could arise from several problems, including accuracy of landuse assessment, accuracy of measurements of environmental variables at the catchment scale, and insufficient knowledge of P interaction with catchment soils. For example, the linkage between soil P sorption (mainly onto colloids in the soil matrix; McGechan and Lewis 2002) and its export to nearby streams has been substantially less well studied than the linkage for soil N sorption (Bennett et al. 2001) . Also, the dynamics of Ca-P complexes in the soil matrix are not well known (Frossard et al. 1995) . Furthermore, many studies have reported only a single P fraction (Marchetti and Verna 1992 , Moss et al. 1992 , Behrendt and Opitz 2000 , Smith et al. 2005 , which limits our understanding of export behavior of other P fractions. Moreover, many broadscale studies are restricted to temperate areas (Cooke and Prepas 1998 , Donnelly et al. 1998 , Mulholland 2004 , and this geographic bias limits our ability to identify mechanisms that control P dynamics at global scales (Harris 2001) .
We compiled a data set for P export by streams and rivers (Table 1 , Appendix 1; available online from: http://dx.doi.org/10.1899/09-073.1.s1) to assess which environmental factors best predict P export from the world's rivers. We considered runoff (Sharpley et al. 1995) , soil type (Gardner 1990 ), landuse practices (Sharpley et al. 1992) , wetlands (DeVito et al. 1989) , and human population density (Smith et al. 2003 (Smith et al. , 2005 . P export from catchments is controlled by environmental factors, and regional-scale environmental factors best explain variability of P export (Behrendt and Opitz 2000) . These factors also might be relevant at the global scale. Last, comparisons among some studies carried out in countries with contrasting Gross Product per Capita (GPC) (Lesack et al. 1984 , Stålnacke et al. 1999 suggest that catchment-derived P is lower in countries with lower GPC, possibly because water consumption and use of P detergents are usually much higher in developed countries (Postel 1992 , Brenner 1988 ) and increase P export from catchments. Thus, GPC could further explain catchment P export, but its role has not been assessed.
Modelling of P export has been attempted at regional and worldwide scales to enable predictions of P export to the oceans and retention within catchments. Development of these models is a critical step toward a synthetic understanding of the global P biogeochemical cycle. Some predictive models of P export that rely mostly on empirical approaches have been proposed , Behrendt and Opitz 2000 , Smith et al. 2003 , Harrison et al. 2005a , but they have not yet been compared. Therefore, we decided to review the still increasing information on P export from catchments and to compare the available predictive models to ascertain whether they are useful on their own or need further improvement. Our goals were to compile a global data set on total and dissolved P export, to model it empirically as a function of easy-to-obtain variables, and to compare our models with previously reported models. We used discrete and continuous environmental variables (e.g., catchment area, rainfall, runoff, soil type, biome, land use, population density, and GPC) and evaluated the predictability of P exports. A global-scale analysis might be too coarse and could obscure effects resulting from certain environmental conditions. Therefore, we also tested how well P exports could be predicted for catchments grouped on the basis of environmental characteristics (runoff, land use, soil type, biome, and GPC). We used multivariate regression to model P export.
Methods
Annual total P export by streams has been measured in catchments between lat 76uN and 43uS. North America and Africa were the best-and the leaststudied continents, respectively (Fig. 1 ). Our review is based on data from the literature and web sources that were available before January 2007 (Tables 1, 2) . We express P exports as the quantity of P that is exported by rivers on an annual basis (kg P km 22 y
21
). We included total P (TP) and soluble reactive P (SRP) in the data set when they were available. We considered 685 catchments, but information on the export of P fractions and its controlling factors was highly variable among catchments. The fractions ortho-P, poly-P, and dissolved organic and particulate P (Golterman 2001 ) cannot be measured accurately chemically because available methods limit measurement of particlebound P (including organic and inorganic forms). Therefore, data on these fractions in worldwide literature are few and incomplete, and analysis of these fractions was not feasible. However, when both TP and SRP were reported for catchments, we used subtraction to calculate the nonSRP fraction (the sum of dissolved organic and particulate forms).
We compiled available information on annual discharge; rainfall; runoff, catchment area; percentages of cropland, forests, urban areas, range lands, stagnant habitat, and pasture; and population number and density (Table 1, Appendix 2; available online from http://dx.doi.org/10.1899/09-073.1.s2); and several discrete variables, including runoff regime (xeric [runoff ,100 mm/y] vs mesic catchments), landuse/land-cover type (LULC; 80% of overall catchment area in a specific LULC type), forest type (coniferous and deciduous; tropical forests were excluded from the analyses because of insufficient data), and presence/absence of stagnant water bodies in the catchment. LULC was limited to cropland, forest, pasture, and range land based on data supplied by authors of each study. We classified catchments with .6% impervious surface as urban; this percentage has been suggested as a threshold for dramatic decrease in aquatic biodiversity (Morse et al. 2003) . Other empirical data that can be useful for empirical modelling (e.g., anthropogenic inputs, such as wastewater discharge and other point and diffuse sources) were available in too few studies to allow meaningful analyses.
We retrieved information concerning soil types, biomes, and GPC ( Olson et al. (2001), and International Monetary Fund (2000) . We acknowledge that this information is only a rough index for specific catchments because the scale of : 1000 to 3000, 3000 to 5000, 5000 to 10,000, 10,000 to 15,000, 15,000 to 20,000, 20,000 to 30,000, and .30,000. However, we evaluated only SRP export with GPC data because few data exist for TP export in areas with low GPC. Several categories of discrete variables contained very few data, and we were unable to analyze them further. Therefore, we combined GPC levels ,10,000 to obtain enough data to compare P export from catchments in areas of low economic development with P export from catchments in areas of higher economic development.
Most data were strongly right-skewed. Therefore, we chose a nonparametric approach for preliminary statistical analysis and used Mann-Whitney and Kruskal-Wallis tests (Siegel and Castellan 1988) to compare medians of categories within runoff regime, soil type, biome, LULC, and GPC. When data from the same catchment were available for different years, only those data from the year with the most available P export and environmental variables were used to avoid overweighting information from the best studied areas in the worldwide data set. We did all statistical analyses with STATISTICA (version 6.1; StatSoft, Tulsa, Oklahoma).
We correlated the export of P fractions with the quantitative environmental variables to estimate the environmental control of P export from the world's catchments, and we calculated the coefficient of determination (R 2 ) to deduce the explanatory power of significant relationships. We also modelled total P export with stepwise multiple regressions. We used log(x)-transformed data to stabilize variances and because we assumed that nutrient export was affected by nonlinear processes. These regression models were based on data covering the global scale. We used additional models to test for effects within runoff regime (mesic vs xeric), soil type, biomes, LULC types, and GPC levels. We used stepwise forward selection to develop multivariate models with meaningful, statistically independent predictor variables. We initially identified best models on the basis of model fit (adjusted R 2 ; Neter et al. 1996) . However, stepwise regression has been criticized on the grounds that it: 1) produces bias in parameter estimates, 2) provides inconsistencies among model selection algorithms, 3) generates problems in multiple hypothesis testing, and 4) inappropriately focuses on a single best model (Whittingham et al. 2006 ). Use of adjusted R 2 as a criterion allows overfitted models, and hence, information-theoretic analysis is a better way to compare models (Burnham and Anderson 2002) . Previously reported models of P export used adjusted R 2 as an index of goodness of fit , Smith et al. 2003 ), so we have provided adjusted R 2 values when comparing predictive models.
Akaike Information Criterion (AIC) is a heuristic approach that provides a straightforward and meaningful way to rank models based on their goodness of fit. AIC reflects the precision and complexity of the model, and therefore, is a better tool for model selection (Burnham and Anderson 2002) . We used AIC to compare our models based on the same data sets and dependent variables (because the inference is conditional on the data at hand; Burnham and Anderson 2002) . We estimated models only if §20 catchments in a given category had the required environmental predictor variables, and we chose models with the lowest AIC values from among those based on the same dependent variables and data sets. Thus, we built many models for different dependent variables and data sets, but present only one for a given group of dependent variables and data. The number of models tested for each group ranged from 3 to 31, depending on degrees of freedom. We used the 2 nd -order information criterion, which accounts for small sample size, to compare models with different dependent variables (Burnham and Anderson 2002) .
We overcame problems related to multicolinearity in the models by excluding from analysis variables that were correlated (Legendre and Legendre 1998) . The case of runoff was particularly troublesome because runoff is included in the calculation of P export and, thus, could cause spurious correlation. Methods do exist to overcome this drawback (Prairie and Bird 1989) , but most studies of nutrient export do not eliminate the problem and still provide insightful results. However, we cannot eliminate the possibility that P export and runoff shared a large measurement term, a statistical constraint on calculating correlation between runoff and P export (Prairie and Bird 1989) . Therefore, we also conducted multiple regressions with volumetric TP, SRP, and nonSRP concentration to eliminate the role of export in the dependent variable.
Results

P export
Annual TP export varied a million-fold from 0.008 to 5100 kg P km 22 y 21 (n = 527; Appendix 1). Annual SRP export was 0.007 to 2074 kg P km 22 y 21 (n = 558). In catchments with data for TP and SRP, nonSRP export was 0.004 to 5043 kg P km 22 y 21 (n = 397), and was 59 6 22% (mean 6 SD) of TP export. P export data were right skewed ( Fig. 2A-C) , with coefficients of variation (CVs) of 364, 306, and 547% for TP, SRP, and nonSRP export, respectively.
Few studies provided export data for other P compounds, such as dissolved and particulate P and poly-P compounds (Table 2 ). Dissolved organic P accounted for 22 6 12% of TP export, whereas particulate P was usually 36 6 25% of TP export in temperate catchments. This variability might have arisen from our use of a mixed data set that included human-influenced and pristine catchments. Thus, particulate P export might be higher than dissolved organic P export. However, this result only pertains to some temperate catchments.
TP export was lower in xeric than in mesic catchments (Mann-Whitney test, p , 0.05; Fig. 3A ), but the CV was higher for xeric than for mesic catchments. SRP export was almost 93 higher in mesic than in xeric catchments, and mesic and xeric catchments had similar CVs. P export increased along a gradient of soil type (cambisols , podzols , acrisols , luvisols) (Kruskal-Wallis test, p , 0.05; Fig. 3B ), but CVs were high for all soil types. P export was lower in boreal forest/taiga and deserts and xeric shrublands than in the remaining biomes, and was higher in tropical than in temperate biomes (Kruskal-Wallis test, p , 0.05; Fig. 3C ). P export was far more variable among biomes (CVs from 61% in boreal forests/taiga to 547% in grasslands) than among runoff regimes (CVs from 302 to 509%) or soil types (CVs from 197 to 284%).
TP export was higher in catchments where cropland was the predominant LULC type than in catchments with other LULC types. TP export was 23 higher in cropland than in pasture and 53 higher in cropland than in forest (Kruskal-Wallis test, p , 0.05; Fig. 3D ). SRP export was 43 higher in cropland than in forest (insufficient data for pasture for meaningful comparison). TP export was higher in coniferous than in deciduous forest (Mann-Whitney test, p , 0.05; Fig. 3E ) (insufficient SRP data for meaningful comparison among forest types).
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TP export was less variable in catchments with stagnant water bodies (lentic systems including wetlands, lakes, etc.) than in catchments without them, but their medians were not statistically different (Mann-Whitney test, p . 0.05; Fig. 3F ). SRP export was lower in catchments with stagnant water bodies than in catchments without them (Mann-Whitney test, p , 0.05). SRP export was greater and more variable in catchments with ,$10,000 GPC than in catchments with higher GPC (Kruskal-Wallis test, p , 0.05; Fig. 3G ).
Factors controlling P export TP export was weakly related to SRP export (R 2 = 0.42, p , 0.05). NonSRP export covaried strongly with TP export (R 2 = 0.96, p , 0.05) and with SRP export, but the relationship was much weaker (R 2 = 0.25, p , 0.05). The relationships of nonSRP with qualitative and quantitative environmental factors were similar to those for TP because nonSRP export was tightly linked to TP export.
Neither TP nor SRP export was correlated with annual discharge or rainfall (Spearman rank correlation, p . 0.05). TP and nonSRP export were weakly correlated with population density (R 2 = 0.12, p , 0.05), but not with number of inhabitants (p . 0.05), and their relationships with LULC, when statistically significant, were even weaker (R 2 , 0.05, p , 0.05). SRP export was weakly correlated with % pasture (R 2 = 0.04, p , 0.05), and its correlations with the remaining environmental predictors were even weaker. Hence, P export was weakly correlated with single environmental predictors.
Relationships between P export and environmental variables were better resolved with multivariate statistics. Models of TP export explained ,½ of the total variability with 3 environmental predictors, and the variance explained increased to 73% when total N export was included in the model (Table 3) . However, this improvement might have been the result of the frequently observed strong correlation between particulate N and P. SRP export was weakly explained by runoff and population density. However, the predictive power increased when the % stagnant habitat was added as an independent variable (Table 3) . NonSRP export also was weakly explained by multivariate models. Only runoff, % cropland, and % stagnant habitat were significant predictors (Table 3) . Runoff was not a significant predictor when we used nonSRP concentration instead of export as the dependent variable to avoid spurious correlation (Table 3 ). The variance explained by multivariate models was lower for P concentration than for P export.
We tested multivariate models within discrete categories of runoff regime, soil type, biomes, LULC, and GPC. TP export in mesic catchments was strongly predicted by a combination of catchment area, runoff, FIG. 2. Histograms of global catchment total P (A), soluble reactive P (SRP) (B), and nonSRP (C) export rates. nonSRP = remaining P after subtracting SRP from total P (i.e., organic and particle-bound inorganic P). Note logarithmic scales on all axes.
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% urban and % pasture, and population density (Table 4) . TP export in xeric catchments was explained only by population density, but the explained variance was low. TP export in catchments with cambisols and luvisols was strongly predicted by population density, and when % cropland was included the explained variance increased 23 (Table 4). TP export in catchments with podzols was predicted by runoff and % cropland. The variance explained by environmental predictors in biomes ranged from 33% (temperate deciduous forests) to 76% (Mediterranean habitats). Runoff and % forest were important predictors in 3 biomes. P export in Mediterranean habitats was influenced by % pasture and population density, whereas P export in boreal forests/taiga depended on % range land and % stagnant habitat (Table 4) . In agricultural catchments, 55% of overall variability in TP export was explained by runoff and % cropland, but the explained variance decreased to 40% in forested catchments, where runoff and % stagnant habitat were the main predictors (Table 4) . TP export in urban catchments was predicted only by population density, but explained variance was only 27%. Slightly ,½ of total variability in P export in catchments with and without stagnant water bodies could be explained by environmental predictors, but more predictors were needed in catchments with stagnant water bodies than in catchments without them. Runoff was an important predictor variable in both types of catchments (Table 3) . SRP export in catchments where GPC was .$20,000 was partly explained by runoff, but population density was an important predictor when GPC was $20,000 to $30,000, and % cropland became important when GPC was .$30,000. Explained variance decreased when GPC was .$30,000 (Table 4). To summarize, P export was predicted by different sets of environmental variables as a function of catchment-specific environmental characteristics. Runoff and population density were the best predictors in these models.
Discussion
P export
TP and SRP export from the world's catchments spanned 6 orders of magnitude, and the nonSRP fraction was the most variable export of the 3 fractions ( Fig. 2A-C, Table 2 ). NonSRP was the dominant form of P export in our global-scale evaluation, as observed by Donnelly et al. (1998) in Australia. NonSRP is a relatively broad category that includes various forms of dissolved and particulate P fractions. Future studies should discriminate among these fractions, provided that chemical methods for measuring P fractions are improved (Golterman 2001) . For example, inorganic particle-bound P could be the dominant form of export in clay-rich landscapes that are subject to strong soil erosion as a result of frequent storms (Donnelly et al. 1998 ), but the dominant P fraction in TP export is not always clear in other catchment types. More studies will be needed to address the issue of export of P fractions, particularly in tropical and boreal catchments (Table 2) .
Many catchment characteristics influenced P export. In general, features that increased spatial and temporal heterogeneity tended to influence P export rates. Xeric catchments exported less P than mesic catchments (Fig. 3A) , but variability in P export was higher in xeric than in mesic catchments. Increased retention of nutrients and higher variability of export rates in xeric catchments might be associated with combined effects of endorheic phenomena, which concentrate P in closed catchments, and higher interannual variability in precipitation (Caraco and Cole 2001) , which can cause flash floods that cause P export rates to change. Soil type had little effect on P export, except that P export was much greater in catchments with luvisols ( Fig. 3B) , which are heterogeneous and consist of a wide array of soils with contrasting properties (FAO 2003) . P export was most variable in Mediterranean habitats and temperate grasslands and shrublands (Fig. 3C) , perhaps because: 1) Mediterranean habitats consist of a wide range of habitat types; 2) temperate grasslands and shrublands often are in various stages of recovery from agricultural landuse, and their ecological condition can vary depending on the time elapsed since agricultural abandonment; and 3) both biomes have long histories of landuse change (Grove and Rackham 2001) . Thus, export of P derived from soils and human activity (including wastewater discharge) is likely to be more variable in these biomes than in others.
As has been observed in other studies (Cooke and Prepas 1998, Pieterse et al. 2003) , far more P was exported from catchments with high % cropland than from catchments dominated by pasture or forest (Fig. 3D) . Agricultural land use is associated with P fertilization and increased soil erosion caused by tilling (Sharpley et al. 1995) . Less P was exported from deciduous than from coniferous forests (Fig. 3E) , a result consistent with the fact that coniferous forests appear to export more dissolved nutrients than deciduous forests (Lovett et al. 2000) .
High % stagnant habitat increased retention of SRP, but not TP, in catchments, and decreased the variability of TP export (Fig. 3F) from patterns of N export (Alvarez-Cobelas et al. 2008 ) and might be explained by differences between N and P biogeochemical transformation pathways (e.g., volatilization and coupled processes of nitrification and denitrification). A pattern of low retention of P in catchments with high % stagnant habitat also differs from previous reports (DeVito et al. 1989 , Jaworski et al. 1992 , Melack 1995 , Bruland and Richardson 2006 , but global patterns might well differ from local or regional patterns. On a global basis, transformation processes in stagnant surface waters, including formation of particulate organic P from dissolved fractions, might be responsible for the poor retention of SRP in catchments with high % stagnant habitat (Sharpley et al. 1995) . We treated % stagnant habitat as a continuous variable, but discrete environmental variables associated with the water bodies (e.g., degree of eutrophication) also might be important factors that influence P export from catchments with stagnant habitat. For example, eutrophied surface waters could act as sources rather than sinks of P to rivers. Many other variables (e.g., point vs diffuse origin of nutrients, nutrient loading rates, retention times) will have to be considered simultaneously to derive the detailed P balances needed to clarify the relationships between stagnant habitat and P export from catchments (Bennett et al. 2001) . We hypothesized that P export would be lower in catchments where GPC is low than in catchments where GPC is high. However, our results indicate that this hypothesis is incorrect. Variability in P export was very high in most GPC categories (Fig. 3G) . This result suggests that variability in environmental attributes of catchments was independent of socioeconomic factors.
Factors controlling P export
Our global approach did not produce powerful predictive equations of P export. The predictive power of N export models was improved by including N input data (Alexander et al. 2002) , and P input data might have improved our ability to predict P export. However, P input data (point and diffuse wastewater inputs) are not available for many catchments. Our analysis showed that environmental variables that usually are good predictors of P export at local (Cooke and Prepas 1998, Pieterse et al. 2003) and regional (Behrendt and Opitz 2000, Harris 2001 , Alvarez-Cobelas and Angeler 2007) scales were poor predictors of P export at the global scale (Table 3) . Thus, local and regional environmental idiosyncrasies must be taken into account when predicting P export. Global P export might be better predicted with caseby-case approaches that use local-and regional-scale data at hand (Kalff 1991 , Donnelly et al. 1998 than with an integrative analysis based on global data.
The spatial heterogeneity of nutrient sources and sinks increases as spatial scale increases (Gergel 2005) . Thus, both heterogeneity and scale of observation must be considered when predicting nutrient export from catchments. Theoretical work suggests that contaminant (including P) delivery to streams takes place at unpredictable spatial and temporal scales, and this unpredictability could lead to underestimation of otherwise acknowledged environmental relationships (Kirchner et al. 2000) . Higher spatial resolution at the regional scale and more local analyses are necessary to improve predictability of P export (Smith et al. 2005) , and sampling programs with higher temporal resolution are needed to elucidate mechanistic processes (Harris and Heathwaite 2005) . Part of the greater explanatory power of local-and regionalscale models probably results from richer environmental information and more accurate measurement at these spatial scales than at the global scale.
We attempted to overcome the problems of heterogeneity and scale by generating multivariate models for catchments in specific runoff, soil, biome, LULC, or GPC categories, but this strategy did not improve model fits (Table 4) . Environmental heterogeneity is inherent among catchments in most of these categories, and our ability to predict P export probably increased or decreased as a function of the environmental heterogeneity among the catchments in each category. Broad categories of runoff regime, soil type, biome, LULC, and GPC, such as those we used, usually are more variable in terms of the number and magnitude of environmental constraints that influence P export. This variability can increase noise in the data set and affect predictive ability of models, especially when the number of environmental variables available for analysis is low. Given this r were represented if they include .20 catchments. Xeric catchments have runoff ,100 mm/y, whereas mesic catchments have runoff §100 mm/y. Boreal biomes include boreal forest/taiga, and xeric biomes include deserts and xeric shrublands. LULC category was determined for catchments with .80% of area in a particular landuse category. Insufficient data were available to present TP export in catchments with GPC , 10,000 US$.
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limitation, it is noteworthy that population density was a significant predictor in most of our models (Tables 3, 4) . This result provides additional evidence of the strong impact of humans on the global P cycle (Schlesinger 2001 , MacKenzie et al. 2002 . Available models dealing with nutrient export fall into 2 groups, empirical and quasi-empirical (Table 5 ). Empirical models are derived entirely from a regression approach, whereas quasi-empirical models are developed from data and mechanistic relationships from the literature and are tuned to natural systems via adjustable coefficients (Harrison et al. 2005b) . AIC is unavailable for most published models. Thus, a proper comparison among models cannot be made. However, most of the published models are empirical, and cautious use of the adjusted R 2 as an index of model performance shows that, despite some success when used at local and regional scales (e.g., Vanni et al. 2001, Behrendt and Opitz 2000) , their predictive power is not strong at a global scale, perhaps for reasons outlined above. In particular, information on catchment soils and LULC often is loosely reported and hardly quantitative. If the quality of such information could be improved worldwide, the goodness-of-fit of empirical models of P export might increase, thereby improving the goodness-of-fit of global empirical models. Moreover, models dealing with large catchments (Smith et al. 2003 , Harrison et al. 2005a might perform better than models that include more heterogeneous small catchments (Smith et al. 2005) .
Quasi-empirical models appeared to explain more variability of P export than did empirical models (Table 5) , and we suggest devoting more effort to quasi-empirical and dynamic models (sensu Harrison et al. 2005b ). Examples of this approach include the mixed model for nutrient loading by Smith et al. (1997) , the model of NO 3 export by Caraco and Cole (1999) , and the Riverstrahler dynamic model of nutrient export by Billén et al. (2001) . These mechanistic models also should address processes previously overlooked in other modelling efforts. Increased model complexity usually increases ability to predict export, as shown by Alexander et al. (2002) for N export. For example, buffering capacity of soils , the size and nature of soil pores and bedrock fractures (Mulholland and Hill 1997) , differing erosional patterns (Donnelly et al. 1998) , and particle-bound sedimentation and Pimmobilization in the sediment matrix (Frossard et al. 1995) influence P delivery to streams and instream retention through different pathways and with different time lags. In situ bacterial mineralization is another area that has received little attention, despite its obvious influence on the proportions of P fractions TABLE 3. Multiple regression models of total P (TP), soluble reactive P (SRP), and nonSRP volumetric concentration and export in catchments worldwide. All data were log(x)-transformed prior to analyses. Each model was selected from within the same data set and group of predictor variables with the Akaike Information Criterion (AIC). For TP export, a model including total N (TN) export was estimated with data gathered from Alvarez-Cobelas et al. (2008) . P concentration units are mg/L, P export units are kg P km that are exported (Mulholland 2004 ). Rivers are not simply pipes, and many transformations of P that impinge on export occur within the channel and could explain some fraction of variability in export models (Meyer and Likens 1979) . Quasi-empirical and dynamic approaches must be developed within a framework that embraces both catchment and instream dynamics and takes into account scales of observation. The nonlinear nature of controlling factors and P export relationships (Harris 2001) and our poor knowledge of instream P processes (mineralization, uptake by biota, burial in sediments, etc.; Mulholland 2004) currently limit detailed evaluations of global P export. The definition of environmentally relevant temporal resolution for nutrient export and stoichiometry could further complicate the issue (Harris and Heathwaite 2005, Jordan et al. 2007) , particularly during high flows in xeric (Fisher and Minckley 1978) or mesic catchments where the responses can differ between upland and lowland areas of catchments (Bowes et al. 2005) . These limitations result in high uncertainty of export estimates of all P fractions (Johnes 2007) , even during low flow ).
Accurate measurement of P fractions is urgently needed. Despite many efforts over time, measurement error remains a serious drawback for P studies in aquatic systems (Golterman 2001) . Reliable and fast methods to quantify P fractions, particularly inorganic or organic particle-bound forms, are lacking. This problem impairs the quality of P export data and leaves a large fraction of P (nonSRP) unresolved.
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